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Genetic algorithmThe potential of the visible infrared (Vis–IR) (400–1100 nm) transmittance method to assess
the internal quality (freshness) of intact chicken egg during storage at a temperature of
30 ± 7 C and 25 ± 4% relative humidity was investigated. Two hundred chicken egg samples
were used for measuring freshness and spectra collection during egg storage (up to
25 days). Two correlation models, firstly between Haugh unit (HU) and storage time, and
secondly between the yolk coefficient (YC) and storage time, were developed and yielded
correlation coefficients (R2) of 0.86 and 0.96, respectively. These models spanned the period
for which egg quality decreased dramatically and are statistically significant (P < 0.05). In
addition, to reduce the dimensionality of the spectra and extract effective wavelengths,
two methods were developed based on principal component analysis (PCA) and a genetic
algorithm (GA). The output of PCA and GA were also used comparatively to design an egg
quality intelligent system. The result of the analyses indicated that identification ratio of
GAwith fast Fourier transform (FFT) preprocessing was superior to other methods, and that
the quality classification rates of this method for one-day-old eggs are 100%. This study
shows that identification of an egg’s freshness using NIR spectroscopy with GA and artifi-
cial neural network (ANN) is reliable.
 2014 China Agricultural University. Production and hosting by Elsevier B.V. All rights
reserved.shape, but the most important is internal quality, and this is
1. Introduction
Nowadays, the main worldwide tendency is to consume only
high quality food products. In the egg industry, aspects ofquality perception include egg size, shell quality and egg
the main concern of this study [1].
The processing of poultry eggs for human consumption
has four main steps: collecting, washing, grading and packag-
ing. Of these the first two and the last steps have largely been
automated; however, human grading of eggs is still required
[1,2]. Therefore, the goal of automating the grading process
continue is very important for quality assurance, to minimize
106 I n f o r m a t i o n P r o c e s s i n g i n A g r i c u l t u r e 1 ( 2 0 1 4 ) 1 0 5 –1 1 4costs and reduce the work load on graders, and to generally
improve the quality control process. In addition, due to the
several changes which occur in the internal constituents of
shell eggs during storage [3], the non-destructive grading of
eggs with respect to internal quality requires specialist equip-
ment (such as Visible-Infra-Red spectroscopy) and human
expertise, and therefore is very costly. Therefore, use of a
computer-based ‘intelligent system’ to emulate the logic
and reasoning processes that an expert egg-grader would do
is very attractive.
The present research utilised the results of Vis–IR spec-
troscopy applied to shell eggs combined with mathematical
pre-processing, pattern recognition and artificial intelligence
technology to create an intelligent system. This intelligent
system achieved egg quality classification based on egg inter-
nal quality during storage.2. Literature review
Currently, many researches have been focused on egg quality
examination. For example, different non-destructive tech-
niques for automatically detecting cracks, dirt and blood
spots have been investigated [4–6]. Though these criteria
could be useful as exclusion criteria in an on-line system,
they could not demonstrate the internal quality of eggs.
Therefore, researcher’s attention focuses on the development
of non-invasive and non-destructive instrumental techniques
such as infrared and front face fluorescence spectroscopy.
The potential of visible-near transmission spectra for the
assessment of egg freshness and the properties of egg white
quality has been demonstrated by several studies [7–10].
Giunchi et al. [11] investigated the NIR reflectance for qual-
itative measurement of egg freshness according to the days of
storage. Predictive models showed R2 values up to 0.722, 0.789
and 0.676 for air cell height, thick albumen heights and Haugh
unit, respectively.
Kemps et al. [12] investigated the feasibility of visible
transmission spectroscopy as a non-destructive assessment
of the freshness of an individual egg. A partial least squares
(PLS1) model was built in order to predict Haugh unit [12]
and pH of the albumen based on the transmission spectra.
The correlation coefficients between the predicted values
and the measured values were 0.842 and 0.867 for Haugh unit
and pH of the albumen, respectively [12].
Studies carried out in order to set up techniques for on-
line prediction of the days of storage and the assessment of
the egg freshness parameters involved the use of an elec-
tronic nose-based (E-nose) system [13]. Results of this study
showed that the E-nose could distinguish eggs of different
storage time under cool-room and room-temperature storage
by linear discriminant analysis, principal component analysis
(PCA), back propagation neural network (BPNN), and genetic
algorithm with BP neural network (GANN). Better prediction
values were obtained by GANN than by BPNN. Relationships
were established between the E-nose signal and egg quality
indices (Haugh unit and yolk factor) and by quadratic polyno-
mial step regression (QPSR). The prediction models for Haugh
unit and yolk factor indicated a good prediction performance
with correlation coefficient 0.91, and 0.93, respectively.3. Intelligent system conception and
development
Fig. 1 shows the general structure of the intelligent system
conceived. The system consists of the following components:
a knowledge-based resource, an inference engine, and an
explanation facility.
In general, there are two approaches in collecting the
domain knowledge. In the first approach, the knowledge is
garnered by the knowledge engineer from the expert(s)
through interviews and discussions. In the second approach,
the knowledge is obtained from technical reports, results of
simulations, optimization of models and case-studies, and
this was the approach was used in this study.
In order to process the data and get the best results the fol-
lowing methods were used.
3.1. Preprocessing of spectroscopic data
The preprocessing of optical data can remove the noise caused
by the systemerror and the randomerror [14]. Thehighdimen-
sion optical data was mixed with high frequency noise.
To obtain high signal-to-noise ratio (SNR) information from
spectroscopic data, the preprocessing methods of multiplica-
tive scatter correction (MSC) [15], 1st and 2nd derivative
(D1 andD2, respectively), Fast Fourier transform (FFT) and stan-
dard normalized variate (SNV) were evaluated. Standard nor-
mal variate (SNV) can be applied for light scatter correction
and reducing the changes of light path length [16]. The deriva-
tive treatment can remove the influence of baseline variation
and make the noise of a variable moderately amplified [17].
3.2. Multivariate calibration
Many pattern recognition problems rely critically on efficient
data representation. Therefore, it is desirable to extract mea-
surements that are invariant or insensitive to the variations
within each class of interest. The process of extracting such
measurements is called feature extraction [18]. In this regard,
genetic algorithm (GA) and principal component regression
(PCR) were used.
3.2.1. Principal components analysis (PCA)
Principal component analysis (PCA) is a mathematical tech-
niquewhich has been used specifically for extracting informa-
tion from correlation matrices [19]. Since the spectral data
forms the array of correlated variables which contains over-
lapped information, this approachmakes it possible to extract
useful information fromhigh-dimensional data. To choose the
number of components the ‘leave-one-out’ cross-validation
method is used [20]. The extracted principal components are
used as the input variables for the classification model.
3.2.2. Genetic algorithm (GA)
The method of binary encoding with population sizes of 100
was used. The probability of crossover was 0.5. The random
single mutation operator is important so that it can maintain
the diversity of population and prevent the appearance of a
maturate phenomenon too early. The probability of mutation
was considered 0.1. The criterion of convergence judgment is
Fig. 1 – Intelligent system structure.
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wavelengths, the criterion of convergence judgment was the
significant difference between the variance and the number
of selected variables using the F-test and the accuracy of
the classifier.3.2.3. Classification algorithm
A back propagation multilayer perceptron (MLP) artificial neu-
ral network (ANN) with one hidden layer was developed and
tested. The number of neurons used in the hidden layer is
selected by trial and error, following an initial selection based
on the heuristic of Eberhart and Dobbins [21]. This heuristic
determines the number of neurons in the hidden layers by
taking the square root of the number of input features and
output classes. The input layer for PCA-BPNN had six neurons
which corresponded to the first six principal components,
and for GA-BPNN had six neurons which correspond to the
six effective wavelengths. The output layer consists of three
neurons corresponded to each egg quality class (low, medium,
and high quality, Section 5.3). The training set consisted of 93
reflectance spectra; and for testing of the methods, a testing
set of 47 spectra was used.Table 1 – Physical and chemical properties of one-day-old eggs.
Large diameter 57.665 (mm) Haug
Short diameter 43.75 (mm) Albu
Shell thickness 31.05 (mm) Colo
Break force 3.4801 (N) Total
Albumen pH 8.662 Yolk
Yolk pH 6.115 Yolk4. Experimental materials and methods
4.1. Sample preparation
For the preparation of this experiment 200 one-day-old, clean,
white-shell, fresh, unwashed and non-fertile eggs were col-
lected from one flock. At the moment of egg collection the
laying hens were 45 weeks of age and had received a standard
diet.
Generally, in Iran eggs are stored outside of refrigerator.
Therefore, to simulate the same condition, eggs were stored
at 29 ± 7 C and 25 ± 4% relative humidity (RH) which is the
typical temperature and relative humidity in summer in Iran.
The averages of some physical and chemical properties of 20
eggs measured at day zero are given in Table 1. All damaged
or cracked eggs were discarded.
4.2. Spectral collection
The UV–IR transmittance spectra were measured at Laser and
Plasma Research Institute (Shahid Beheshti University, Iran)
by the Ocean Optical Fiber spectrometer USB2000 (Florida,h Unit 86.58





Fig. 2 – Exposure of the sample in the spectrometer (1)
equatorial region, (2) blunt end.
Fig. 3 – Egg spectra in lateral (a) and longitudinal (b)
direction.
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one measurement is 250 ms. This device was equipped with a
monochromator, a photodiode inspector and a 50 W light
source to provide transmittance measurement in the wave-
length range 200–1100 nm. In order to calibrate the spectrom-
eter before each measurement, an empty eggshell was used
as a reference measurement. As shown in Fig. 2, spectra were
collected from the egg at two different area of the shell, in the
equatorial region and at the blunt end. It is worth noting that
Liu et al. [9] collected spectra from equatorial region (horizon-
tal) while Kemps et al. [12] collected spectra at the blunt end
(vertical). The spectra of the eggs are obtained as the average
of three replicate measurements.
4.3. Egg quality
After spectral collection, destructive measurements of each
individual egg were conducted to measure internal properties
(Haugh unit, albumen height, yolk color, yolk weight, albumen
weight, yolk coefficient (YC)1 and yolk height), and external
quality (shell weight, strength and thickness). Egg internal
quality was evaluated using an Egg Multi Tester (Model 5200,
Tokyo, Japan), and external quality determined by Ultrasonic
Waves (Echometer 1061, Tokyo, Japan) and Force Gauge model
II (Robotmation, Tokyo, Japan).
5. Experimental results
5.1. Determining the best egg-orientation to take
spectroscopic measurements
The spectra of 200 egg samples were obtained in two direc-
tions longitudinally and laterally about the eggs’ main1 Yolk coefficient was defined as follows:
Yolk coefficient ¼ ðYolk weight=Yolk heightÞ  100:axes. The spectra were then normalized (result shown in
Fig. 3). It was determined that those spectra obtained along
the main longitudinal axis had higher signal-to-noise
ratios and were therefore more uniform (Fig. 4). Further-
more, the intensity of the peak located between 620 and
640 nm (shown in the rectangles in Fig. 3), is more pro-
nounced when the egg is sampled along the longitudinal
axis compare to the lateral. For this reason, spectra were
sampled along the longitudinal axis of the eggs during
the study.
Fig. 4 – Egg spectra in lateral (a) and longitudinal (b) direction
in 620–650 nm.










Day of storage 6 1281.1** 8.86ns 3.76ns 36.1**
* and ** Significant at 5% and 1% levels, respectively, ns: not significant.
Fig. 5 – Variation of HU (a) and YC (b) parameters.
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destructive testing
To determine the effect of egg-storage on the spectroscopic
measurements, egg samples were stored at 29 ± 7 C and
25 ± 4% RH, and subject to both non-destructive and destruc-
tive testing. Themulti-tester was not able to read the eggs’ HU
on the nineteenth day of storage, as the albumen of the eggs
had become severely diluted. The membrane thickness hold-
ing the yolk had also thinned to a level such that the eggs
were sensitive to damage during opening. This behaviour is
likely to be related to the yolk absorbing water and the yolk-
membrane weakening due to the subsequent increase in pH
[22]. This instability is directly related to the storage temper-
ature and age of the egg [23].
From the nineteenth day the HU was measured using cal-
lipers in accordance with the AOAC standard [24]. On the
twenty-second day of storage only four egg-samples’ had an









1643.3** 0.1ns 2.17ns 0.25** 0.07ns
Table 3 – Duncan’s multiple range test results for the effect
of storage time on albumen pH, HU and YC.
Storage day Albumen pH HU YC
1 9.07e 75.16a 91.54a
4 9.53d 48.2b 79.61b
7 9.60c 44.4b 73.25b
10 9.65b,c 43.82b 58.70c
13 9.72a 36.86b,c 58.18c
16 9.66b,c 29.25c 44.10d
19 9.68a,b 27.33c 43.36d
Means with the same letter are not significantly different (P > 0.05).
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the eggs’ albumen due to the level of dilution and the yolk
membranes rupturing. At this point the experiment was
terminated. The spectral data and other egg parameters of
the 70 egg samples collected up to the ninetieth day of storage
were analysed.
The analysis of variance of the data collected during
destructive testing indicated that the HU and the YC parame-
ters were significantly different (Table 2). As a result, these
parameters can be used as an index of freshness when
evaluating eggs non-destructively. The HU and YC parameters
reduced linearly with respect to days in storage with a
correlation coefficient of 0.86 and 0.96, respectively (Eqs. (1)
and (2) and Fig. 5a and b).
YðaÞ ¼ 2:30xþ 66:85 ðR2 ¼ 0:86Þ ð1ÞFig. 6 – Transmission spectra of eggs: original spectra (raw data
the second derivative (D2) (e) and FFT (f).YðbÞ ¼ 2:71xþ 90:91 ðR2 ¼ 0:96Þ ð2Þ
These findings are consistent with the results of Liu et al.
[9] who reported that HU and storage time had a strong neg-
ative linear relationship. However, Karoui et al. [23] reported
that the HU decreased non-linearly with storage time. Based
on the standard measurement method [24] the two horizontal
lines shown in Fig. 5a, separate different egg quality regions
(square-solid and triangle-broken). Eggs above, between, and
below these two lines are considered to have high, medium
and low quality, respectively. According to this convention,
only the eggs sampled within the first day of storage can be
considered as high quality eggs, with the remainder in the
medium and low quality range.
5.3. Determining the number of classes for egg quality
classification based on a statistical analysis
The albumen pH, HU and YC recorded on the first day of stor-
age were significantly different compared to the remaining
storage days (P < 0.05) (Table 2). This result was in agreement
with Giunchi et al. [11] who found that the HU of organic, barn
and cage egg-samples were significantly higher on the first
day of storage compared to subsequent days. Therefore, in
an expert system a separate group for this day is regarded.
The statistical analysis indicated that the eggs could be
classed based on age such that Group 1 formed on the first
day, Group 2 between days 4 and 10, and Group 3 between days
13 and 19. These groups can be considered high, medium and
low quality, respectively (Table 3).) (a), processed with MSC (b), SNV (c), first derivative (D1) (d),
Fig. 7 – Original spectra at wavelength 660–720 nm (a) and
spectra after MSC (b).
Fig. 8 – Original spectra at wavelength 785–830 nm (a) and
after SNV (b).
I n f o r m a t i o n P r o c e s s i n g i n A g r i c u l t u r e 1 ( 2 0 1 4 ) 1 0 5 –1 1 4 1115.4. Results of mathematical treatments of spectra to
correct eggs spectra
The unprocessed spectra samples of the eggs are shown in
Fig. 6a. These spectra were then processed using the MSC,
SNV, Fourier Transform, and first and second derivatives,
respectively (Fig. 6b–f).
Fig. 6a and b show a closer view of the peaks of Figs. 6a
(original) and 5b (MSC-processed) located in the wavelength
interval 660–720 nm. The spectra, Fig. 7b, are easily distin-
guishable from each other. The area inside the ellipse
(Fig. 6a) highlights the offset which was used to correct the
spectra-peaks to their original location in Fig. 7b.The result from the SNV pre-processing method is shown
in Fig. 8a and b for the peak located between 785–830 nm.
According to Fig. 8a, and in comparison with Fig. 8b, it is clear
that noise arose from light-source fluctuations and different
sample sizes (Despite the darkness of environment, because
sample sizes varied they were at different distances from
the light source. Also, eggs may not have been placed well
in the holder. Because these can have an effect on measured
spectrum correction was applied).
Table 4 – Effective wavelengths found using five different pre-processing methods.
Method Pre-processing Effective wavelengths (nm)
GA Raw 637, 638, 915, 915.5, 917 and 917.5
SNV 638, 914. 915, 915.5, 917 and 917.5
MSC 637, 637.5, 901, 914.5, 917, and 917.5
SNV + MSC + FFT 550. 550.5, 651, 673, 793, and 835
SNV + MSC + D1 467, 751, 752.5, 915.5, 916, and 916.5
SNV + MSC + D2 539, 539.5, 915. 5, 916, 916.5, and 917
Fig. 9 – PCA-Loadings versus the wavelength (nm).
Fig. 10 – Number of principal components in terms of MSEP for the HU.
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ranges 580–600, 620–650, 680–720, 790–810 and 830–850 nm
which are also identifiable in the first derivative (Fig. 6d). InTable 5 – Comparison the predictive power of the
five pre-processing methods.
Source of variation Processing method (R2)
Raw SNV + MSC D1 D2 FFT
HU 0.49 0.56 0.39 0.06 0.65
YC 0.51 0.69 0.48 0.07 0.89
pH 0.40 0.44 0.23 0.06 0.59Fig. 6d and e the first and second derivative the highest rate
of change can be observed in the first part of the spectrum
due to the presence of noise. As specified in Fig. 6f, the signals
are compressed, i.e., the process of reducing the dimensional-
ity has occurred. This speeded up the process and reduced
the occupied memory. But in comparison with other methods
to reduce the dimensionality such as PCA and the Fourier
transform, this is not considered a reliable method [25].
5.5. Determining the effective wavelengths for
classification
After pre-processing the data, GA was used to determine the
most effective wavelengths to be considered as inputs of the
Table 6 – Comparison results from two discrimination models in prediction set.
Method Pre-processing Classification accuracy (ratio) Accuracy (%)
High quality Medium quality Low quality Total
GA Raw 14/16 6/16 13/15 70
SNV 15/16 7/16 14/15 74
MSC 15/16 7/16 13/15 72
SNV + MSC + FFT 16/16 13/16 15/15 94
SNV + MSC + D1 10/16 9/16 8/15 53
SNV + MSC + D2 8/16 4/16 9/15 44
PCR SNV + MSC + FFT 16/16 10/16 14/15 85
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ing pre-processing of the spectra, as the programming for
each method differed. The optimum number of effective
wavelengths according to the variance, F-test, RSMECV, and
practical observations (the number of peaks) was found to
be six. The effective wavelengths found using the different
pre-processes are shown in Table 4.
5.6. PCA Loading to identify the effective wavelength
domain
Fig. 9 shows the PCA-loadings describing the importance of
given property of the individual x-variable (wavelength)
according to their contribution to the variance obtained for
the spectral (original data matrix) measurements during stor-
age [26]. All six figures display the highest variance between
the samples relative to the wavelength ranges 512–848 nm.
The latter domain was used to find PCs as set out in
Section 5.6.
The researchers attributed these bands to the Maillard
reaction with products inducing the formation of melanoi-
dins [27], in which visible light is absorbed, notably between
600 and 700 nm. However, these authors gave no more infor-
mation about this phenomenon. Peaks located at 760 and
960 nm were observed and were attributed to water the O–H
bond in the water molecule [28].
5.7. Principal component analysis (PCA) of the spectra
When predicting a future observation’s response from predic-
tor variables, it is useful to determine the number of compo-
nents (parameters) required to minimize the expected error.
Simply using a large number of components will do a good
job in fitting the data obtained to create the model, however
this can lead to over-fitting. Over-fitting can cause a model
to not generalise well to new data, as additional variance
may lie within the parameters measured outside the data
set. Hence, over-fitting can promote an unrealistic estimate
of the expected error. Cross-validation (C-V) is a statistically
valid method for choosing the number of components during
a PCA, as it avoids over-fitting the data by dividing data into a
model training sub-set and a testing sub-set to determine pre-
diction error [29]. Thus, the estimate of prediction error is not
biased to the model itself. In this study cross-validation wasused to determine the optimum number of principal compo-
nents (PCs) (Fig. 10).
According to Fig. 10, six PCs have the minimum prediction
error of the model, suggesting that the combination of predic-
tor variables contained in those components was correlated
with the HU. In other words, PCs 1–6 carried most of the sig-
nificant spectral information.
5.8. Determining the most effective pre-processing method
for the egg spectra
Table 5 shows a comparison between the predictive power of
the SNV and MSC, D1, D2 and FFT pre-processing methods on
the eggs’ spectra. PCA was performed to find R2 for fitted and
observed response for all the pre-processing methods
(Table 5). The R2 values determined from PCA confirmed that
the predictive power of the FFT pre-processing method of the
egg-spectra was higher for the HU YC and pH parameters
than the other pre-processing methods. YC had a higher R2
value compared to HU, indicating that YC was the most effec-
tive parameter to use to determine egg-freshness from spec-
tra. Lower R2 values emerged for the predictive models
created for the D2 pre-processing method. Therefore, for best
results the six PCs obtained from the spectral data after FFT
pre-processing and cross-validation were used as inputs into
an ANN classifier.6. Evaluation of intelligent system
Table 6 shows the identification results of a GA-BPNN and
PCA-BPNN. It can be seen that performance of GA-BPNN
model with FFT pre-processing is the best in contrast to other
methods. The identification rates of high quality eggs are
100% for PCA-BPNN and GA-BPNN with FFT pre-processing
methods. In comparison with Zhao et al. [30] who reported
93.3% identification rates of fresh eggs in four discrimination
models (PLS-DA, KNN, ANN and SVDD), the GA-BPNN and
PCA-BPNN models developed in this study have better dis-
crimination results.
In order to evaluate the expert system, a testing set of 47
spectra was used. The best total accuracy of classification
was achieved by GA-BPNN and PCA-BPNN, with results of
94% and 85%, respectively.
114 I n f o r m a t i o n P r o c e s s i n g i n A g r i c u l t u r e 1 ( 2 0 1 4 ) 1 0 5 –1 1 47. Conclusions
In this study, the results presented demonstrate that the vis-
ible-IR transmission spectral data of the egg shell, used non-
destructively, contains information about egg quality and
freshness.
The spectra obtained from Vis–IR spectroscopy of eggs
were subject to different pre-processing methods (SNV,
MSC, FFT, first and second differential) and feature selection
methods (GA, PCA) to classify the eggs’ internal quality (fresh-
ness) According to the statistical analyses, the eggs could be
reliably divided into three freshness groups (low, medium,
high) based on certain egg quality parameters (HU, YC, pH)
each of which deteriorate with storage time. The results indi-
cate that the preferred classification method was achieved
with GA merged with FFT, which performed with an average
94% accuracy across low, medium and high quality groups.
The accuracy using this method for the individual groups
(high, medium and low quality) was 100%, 81.2% and 100%,
respectively.
The authors believe that the intelligent system detailed
above, together with visible-IR transmission spectroscopy,
enables fully automated, non-destructive, quality assessment
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